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Abstract 
Rice breeding has moved, within roughly two breeding-programme generations, from phenotype-driven 

recurrent selection to genome-informed prediction, and is now moving again toward prediction models that 

draw on several molecular layers at once. This review develops a critical synthesis of that second transition: 

why genomic selection alone reaches a ceiling for complex, environmentally sensitive traits, and how 

transcriptomic, proteomic, metabolomic and phenomic data extend prediction accuracy by capturing 

regulatory and physiological information that marker genotype cannot supply. Genomic selection accuracy 

in rice depends more on training population design and genetic architecture than on the specific statistical 

model applied, a finding with direct consequences for how breeding resources should be allocated. Multi-

omics evidence shows that hybrid performance, seed quality, pigment accumulation, salinity tolerance and 

yield heterosis are each shaped by regulatory and metabolic variation that sits outside what genomic markers 

alone resolve, and that the value of adding an omics layer scale with a trait’s genetic complexity and 

environmental sensitivity rather than being uniform across the breeding target. The evidence base is markedly 

uneven across omics layers: genomic, transcriptomic, proteomic and metabolomic integration is 

comparatively mature, while epigenomic and microbiome-linked contributions to rice improvement remain 

thinly documented relative to their conceptual importance. Machine learning methods are structurally well 

suited to the high-dimensional, heterogeneous data multi-omics integration produces, but demonstrated 

deployment in operational rice breeding lags behind this structural opportunity, and claims of near-term 

autonomous or foundation-model-driven breeding pipelines exceed what the available evidence supports. 

Data integration standards, population representativeness, computational cost, interpretability and field-level 

validation are identified as the binding constraints on wider adoption, ahead of any remaining conceptual gap 

in genome-to-phenotype biology. 

 

Keywords: Genomic selection, multi-omics integration, genomic prediction, phenomics, metabolomics, 

genotype-by-environment interaction, climate-resilient rice breeding 

 

Introduction  

Rice sustains more than half of the global population as a primary caloric source, and the crop’s 

genetic improvement therefore carries consequences that extend well past the breeding nursery. 

Over the past two decades, pressure on breeding programmes has intensified: shifting rainfall 

patterns, expanding saline coastal zones, and increasingly erratic temperature extremes have 

compressed the timeline within which new cultivars must be delivered. Conventional pedigree 

breeding, built around recurrent phenotypic selection across multiple generations, was never 

designed to move at this pace. Marker-assisted selection improved precision for traits governed 

by one or a few large-effect loci, but its logic weakens once a trait’s genetic architecture becomes 

diffuse, involving many small-effect variants that interact with environment [1]. Genomic selection 

emerged directly from this limitation: rather than tracking a handful of markers linked to a target 

gene, it uses genome-wide marker information to estimate the breeding value of an individual 

before that individual is ever phenotyped in the field [2, 3]. 

A genome sequence alone, however, is an incomplete predictor of phenotype. It specifies what a 

plant could become under some set of conditions, not what a specific plant actually becomes under 

the conditions a breeding trial imposes. Closing that gap is the shared ambition behind two  
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developments that this review treats as one connected story rather 

than two separate technologies: the maturation of genomic 

selection as a prediction framework, and the accumulation of 

transcriptomic, proteomic, metabolomic and phenomic evidence 

documenting how genomic potential is realized, or fails to be 

realized, in a given tissue, stage and environment [4, 5]. The 

remainder of this review builds that connection deliberately, 

tracing how each additional omics layer addresses a specific 

limitation of genome-only prediction, where the evidence for that 

value is strong, where it is thin, and what stands between current 

demonstration studies and routine deployment in applied rice 

breeding. 

 

Evolution of Rice Breeding 

The move from conventional breeding to genomics-informed 

breeding did not happen as a single event; it accumulated through 

successive technical increments, each removing one constraint on 

selection efficiency. Classical pedigree and pure-line breeding 

depended on multi-generation phenotypic evaluation, a slow 

process precisely because phenotype is the endpoint of an entire 

developmental and physiological cascade rather than a direct 

readout of genotype. Molecular markers shortened that cascade 

for traits with tractable genetic architecture: quantitative trait 

locus mapping and marker-assisted backcrossing let breeders 

track resistance genes or major quality loci with confidence, and 

this approach still underlies much of applied rice breeding for 

traits such as blast or bacterial blight resistance [1]. Its reach stops 

where genetic architecture becomes complex. 

High-density SNP genotyping platforms changed the resolution 

at which breeders could observe the rice genome, moving 

selection from a few dozen markers to tens of thousands of 

genome-wide polymorphisms assayed at once [6], and genome-

wide variation maps built from large germplasm panels made it 

possible to trace the actual selection signatures left behind by 

decades of breeding [7]. Whole-genome resequencing efforts 

within national breeding programmes, for example systematic 

surveys of Vietnamese rice germplasm, show that improvement-

associated genomic regions are often shared across independently 

developed elite lines, implying that historical selection has 

already narrowed usable diversity at several loci relevant to yield 

and adaptation [8]. Comparable functional-genomics-driven 

breeding pipelines developed in India illustrate how sequence-

based gene discovery and marker deployment were combined 

within one applied programme rather than treated as separate 

disciplines [9]. Against this backdrop, near-finished, gap-free 

indica genome assemblies removed a further bottleneck by giving 

breeders a reference precise enough to resolve structural variation 

that shorter-read assemblies had missed [10], while advances in 

sequencing chemistries lowered the cost of applying these tools 

at population scale [11]. The net effect, traced across the broader 

arc of rice genomic research, has been a steady widening of the 

trait space genomics can address, from single-gene qualitative 

resistance toward genuinely polygenic, environmentally sensitive 

traits such as yield and quality [12]. Genomic selection marks the 

point where this trajectory crosses a threshold: markers stop being 

used mainly to find genes and start being used, in aggregate, to 

predict performance directly. 

 

Genomic Selection in Rice 

Genomic selection reframes breeding-value estimation as a 

whole-genome regression problem. Instead of identifying 

individual causal variants, a genomic relationship matrix built 

from thousands of markers predicts the genomic estimated 

breeding value, or GEBV, of untested individuals based on their 

genetic similarity to a phenotyped and genotyped training 

population [13]. The accuracy of that prediction is not a fixed 

property of the method; it is jointly determined by the genetic 

architecture of the trait, the size and relatedness structure of the 

training population, marker density, and the statistical model 

chosen to convert marker effects into a predicted value. This 

dependency was demonstrated directly in tropical indica breeding 

lines, where prediction accuracy varied substantially across traits 

and proved more sensitive to training population composition and 

size than to the specific choice of statistical model, whether ridge-

regression BLUP, Bayesian variants, or reproducing kernel 

Hilbert space regression [2]. That finding carries an uncomfortable 

implication for practical breeding: investing further in exotic 

statistical machinery yields diminishing returns once the training 

population itself is poorly matched, in relatedness and 

environment, to the lines under selection. 

Later work closed part of that gap from the genetic-architecture 

side rather than the modelling side. Embedding results from de 

novo genome-wide association analysis directly into the 

prediction model, so markers with independent evidence of a 

phenotypic effect are weighted rather than treated as 

exchangeable, improved prediction for several agronomic traits 

over standard genomic best linear unbiased prediction [14]. This 

matters biologically because additive genomic-relationship 

models implicitly assume genetic effects are spread diffusely and 

roughly equally across the genome; when a trait is instead shaped 

by a smaller number of moderate-to-large-effect loci layered on a 

polygenic background, ignoring that structure discards real 

information. Hybrid rice breeding adds a further complication, 

because the trait of interest, hybrid performance, is a property of 

a cross rather than of either parent alone, and heterotic 

performance can only be partly predicted from the additive value 

of each parental line [15]. Selecting parental combinations for 

testcross performance therefore benefits from models 

incorporating dominance and specific combining ability rather 

than additive relationship matrices alone. 

Two further empirical patterns constrain how far genomic 

information alone can be pushed. First, models trained on markers 

lose considerable accuracy when trait expression depends 

strongly on genotype-by-environment interaction, and multi-

environment trial data combined into a single prediction 

framework tend to outperform single-environment models for 

traits with pronounced environmental sensitivity [16]. Selecting 

markers that show consistent effect across environments, rather 

than using all available markers indiscriminately, further 

improves predictive ability for such traits [17]. Second, an explicit 

environmental covariate structure, capturing measured 

environmental variables alongside marker genotype, has been 

proposed as a way of reinstating the missing environmental 

dimension in both genome-wide association analysis and genomic 

prediction, treating environment as a quantifiable input rather 

than unmodelled noise [18]. These observations converge from 

different directions on the same conclusion: the genome sets the 

ceiling on what is predictable, but realized accuracy depends on 

how faithfully training data and model structure represent the 

environments and genetic backgrounds a breeding programme 

actually intends to select within. Dense phenomic data was 

proposed early as one practical route to narrowing that gap, on the 

logic that low-cost phenotypic covariates could supplement 

sparse or environmentally confounded genomic information 

without requiring an entirely new prediction framework [19]. 

 

Multi-Omics in Rice Breeding 

No single omics layer captures the causal chain linking DNA 
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sequence to field performance, and this is a direct consequence of 

how biological information is transformed at each regulatory step 

rather than a rhetorical flourish. The genome sets the boundary of 

what is possible, but pan-genome analyses of diverse cultivated 

and wild rice accessions show that a single reference assembly 

systematically underrepresents real genic and structural variation, 

including presence-absence variants absent from any one 

individual genome and, by definition, invisible to marker panels 

built against a single reference [20]. Extending pan-genome 

resources to dozens of genetically diverse accessions confirms 

that a meaningful fraction of gene content is dispensable, lineage-

specific, or hidden from standard variant-calling pipelines 

altogether, and some of this hidden variation is enriched near loci 

already implicated in domestication and improvement traits [21]. 

Genomic selection models built on markers genotyped against an 

incomplete reference therefore start from an incomplete 

accounting of genetic variation, one structural reason why 

genome-only prediction plateaus for some traits regardless of 

training population size. 

Transcriptomic and proteomic layers add the dimension the 

genome cannot supply on its own: which encoded genes are 

actually expressed, in which tissue, and translated into functional 

protein. Full-length transcript-based proteogenomic annotation of 

the rice genome has revealed substantial numbers of previously 

unannotated or misannotated gene models and protein isoforms, 

refining the very gene set downstream association and prediction 

analyses depend on [22]. Proteomic surveys mapping enzymes 

onto their corresponding metabolic pathways demonstrated early 

that transcript abundance and protein abundance are not 

interchangeable proxies for pathway flux, since post-

transcriptional and post-translational regulation intervenes 

between the two [23], a distinction that matters directly for traits 

governed by enzyme activity rather than gene presence, such as 

many aspects of grain composition. Proteomic and metabolomic 

profiling of biotic stress responses similarly shows that resistance 

phenotypes frequently trace to shifts in defence-related protein 

and metabolite pools not obviously predictable from resistance-

gene genotype alone [24]. 

Metabolomics occupies a particularly informative position in this 

hierarchy because metabolite pools sit closest to the phenotype 

among the molecular layers, integrating upstream genomic, 

transcriptomic and proteomic variation together with the plant’s 

physiological and environmental state at sampling. High-

coverage metabolomic profiling linked to predictive modelling of 

rice grain quality traits showed that metabolite-based models 

could recover quality variation marker-based models missed, 

implying some genetic control over these traits acts through 

metabolic intermediates not well tagged by the marker panel used 
[25]. Genome-wide association analysis of the metabolome itself, 

treating individual metabolite concentrations as quantitative 

traits, has mapped numerous metabolite-associated loci in rice 

populations that often do not coincide with previously known 

agronomic QTL, indicating a layer of metabolic genetic control 

conventional phenotype-based GWAS would not have detected 
[26]. Building on this logic, metabolomic profiles measured in 

parental lines have been used to predict hybrid yield with 

accuracy that in some comparisons matched or exceeded marker-

based prediction, particularly for heterotic yield components [27], 

and metabolome-based prediction of yield heterosis more broadly 

has been proposed as a complementary route to identifying 

superior hybrid combinations before extensive field testing [28]. 

These results argue against treating metabolomics as a 

downstream validation tool; used at the parental or early-

generation stage, it functions as a genuinely independent 

predictor. 

Phenomics contributes a different kind of value: not a new 

molecular layer but a way of measuring the integrated phenotype 

non-destructively, repeatedly, and at a scale that keeps pace with 

genomic data volume. High-throughput, image-based non-

invasive phenotyping applied to salinity responses in rice 

identified tolerance loci that overlapped only partially with loci 

known from destructive endpoint phenotyping, because 

continuous, dynamic measurement over the stress period captured 

components of the tolerance response, such as the trajectory of 

growth suppression and recovery, that a single endpoint 

measurement cannot [29]. A genomic selection model trained 

against endpoint phenotypes will, by construction, be blind to the 

genetic control of dynamic stress trajectories, and phenomic 

platforms are among the few practical routes to supplying that 

missing training signal at scale [19]. 

 

 
 

Fig 1: Tiered information flow from genome to phenotype in rice and points of multi-omics convergence with genomic prediction 
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Epigenomic and microbiome-linked omics belong conceptually 

to the same information hierarchy, mediating environmentally 

responsive gene regulation and plant-microbe interactions 

respectively, but they are comparatively underrepresented in the 

rice-specific literature synthesized here relative to the genomic, 

transcriptomic, proteomic and metabolomic layers discussed 

above; broader cereal-omics syntheses treat microbiome-

associated trait variation as an emerging rather than established 

component of the multi-omics toolkit [30]. This asymmetry is 

worth stating plainly rather than smoothing over: multi-omics rice 

breeding, as currently practiced, is considerably more mature for 

the molecular layers directly downstream of the genome than for 

the regulatory and ecological layers alongside it. 

 

Integration of Genomic Selection and Multi-Omics 

The scientific case for combining genomic selection with 

additional omics layers rests on a simple but often 

underappreciated asymmetry: genomic markers are stable across 

the plant’s life cycle, while transcript, protein and metabolite 

abundances change continuously with developmental stage and 

environment, meaning they encode information about the 

realized, environment-specific expression of the genome that 

static marker genotype cannot. Incorporating multi-omic parental 

information, rather than parental marker genotype alone, into 

prediction models for hybrid rice measurably improved prediction 

of yield-related traits over marker-only models, with the 

improvement concentrated in traits where heterosis itself, rather 

than simple additive parental value, drives hybrid performance 
[31]. Systematic comparison of alternative ways of combining 

omics layers for hybrid selection reinforces that no single 

integration strategy is universally optimal; the best-performing 

combination depends on which trait is being predicted, and 

metabolomic or transcriptomic layers sometimes outperform 

genomic markers for specific yield components even though 

genomic data remains the indispensable baseline layer [32]. 

Tissue-specific multi-omics profiling illustrates why this trait-

dependence exists mechanistically rather than as a statistical 

artefact. Comparative multi-omics characterization of rice 

embryo and endosperm tissue showed that these two seed 

compartments run substantially different transcriptional and 

metabolic programmes despite sharing the same genome, 

meaning seed-quality traits scored at the whole-grain level are 

composite outcomes of two only partially correlated tissue-

specific processes [33]. A genomic selection model predicting 

whole-grain quality without any tissue-resolved omics input 

implicitly averages over this heterogeneity, which caps 

achievable accuracy regardless of marker density. Comparable 

logic underlies multi-omics resources built around pigmented, 

nutritionally differentiated rice types, where pigment 

accumulation depends on coordinated transcriptional and 

metabolic changes across tissues that genome sequence alone 

does not resolve [34], and multi-omics dissection of a rice 

population segregating for glycemic index and grain protein 

content has identified candidate genes and regions that only 

became interpretable once metabolomic and expression data were 

overlaid on the genomic association signal [35]. Domestication-

focused multi-omics analysis of black rice similarly traces 

pigment-pathway domestication to a combination of regulatory 

and structural genomic changes difficult to resolve from sequence 

variation alone [36]. 

Abiotic stress tolerance offers a further illustration, and salt 

tolerance has become something of a proving ground for 

integrated approaches. Multi-omics dissection of salt tolerance 

mechanisms in rice consistently finds that transcriptional and 

metabolic reprogramming under salinity involves coordinated 

shifts across ion transport, osmotic adjustment and antioxidant 

pathways that individual QTL rarely explain in full [37], and 

dedicated reviews of integrative omics applied to rice salt 

response argue that transcriptomic and metabolomic data are 

necessary to resolve which of several candidate tolerance 

mechanisms actually operates in a given genetic background, 

since the same tolerance phenotype can arise through different 

physiological routes [38]. This has a direct breeding consequence: 

two lines can show statistically indistinguishable salinity 

tolerance scores while relying on different molecular strategies, 

and a genomic selection model trained across both without omics-

informed stratification risks blending two genetically distinct 

solutions into one, less interpretable, predictor. 

At a more general systems level, formal frameworks for multi-

omics integration in plant systems biology treat genomic selection 

as one node within a larger regulatory network model, in which 

prediction accuracy is expected to improve as additional omics 

layers reduce uncertainty in the genome-to-phenotype mapping 
[39], and reviews cataloguing the broader status of multi-omics 

integration in crop improvement converge on a similar 

conclusion: the capacity to generate multiple omics layers has 

outpaced the statistical and computational infrastructure needed 

to combine them coherently [40]. Targeted multi-omics 

interventions aimed at specific rice stress and trait problems 

report real gains from integration but consistently flag that these 

gains come from bespoke, trait-specific analytical pipelines rather 

than a generalizable integration framework transferring cleanly 

from one trait or population to the next [41], and comparable multi-

omics pipeline work in abiotic stress research more broadly 

reaches the same conclusion outside rice specifically, suggesting 

the bottleneck is generic to plant systems biology rather than 

particular to this one crop [42]. 

Database infrastructure is not a peripheral concern here; it directly 

determines whether integration is even attempted. Purpose-built 

integrated omics knowledgebases for rice molecular breeding, 

bringing genomic, transcriptomic and phenotypic resources into a 

queryable common structure, exist precisely because the 

alternative, reassembling comparable data from separate 

repositories for every new analysis, is prohibitively slow [43], and 

broader efforts to integrate omics databases across crop species 

report recurring obstacles: inconsistent metadata standards, 

incompatible identifier systems, and the absence of shared 

coordinate systems linking genomic position to expression and 

metabolite data [44]. These are unglamorous problems, but they are 

the proximate reason multi-omics integration remains more 

common in single, well-resourced studies than in routine breeding 

pipelines. 

Evidence that these integration principles are not idiosyncratic to 

rice comes from parallel work in other crops facing structurally 

similar problems. Multi-omics integration accelerated the 

molecular dissection of complex agronomic traits in common 

wheat through much the same logic of layering expression and 

metabolic data onto genomic association signals [45], and 

comprehensive omics-based characterization of stress tolerance 

in sweet potato, a vegetatively propagated crop with reproductive 

biology very different from rice, converges on the same 

conclusion that single-omics analysis systematically 

underestimates the number of loci and pathways contributing to 

complex stress phenotypes [46]. Multi-omics integration 

frameworks developed outside plant biology altogether, for 

instance layered genomic, epigenomic, transcriptomic, proteomic 

and metabolomic analysis of a complex human inflammatory skin 

condition, illustrate the same underlying statistical challenge of 
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combining heterogeneous, differently scaled data types into one 

coherent model, and analytical solutions proposed in that 

literature, particularly around handling missing modalities and 

weighting layers by informativeness, transfer directly to the plant 

breeding setting even though the biological system differs entirely 
[47]. Emerging spatial multi-omics technologies, which preserve 

the physical location of a measurement within a tissue rather than 

homogenizing it, extend this integration logic further by adding a 

spatial coordinate to the existing multi-omics stack, a capability 

with obvious relevance to tissue-heterogeneous traits such as the 

embryo-endosperm distinction discussed above, although this 

technology has so far been demonstrated mainly outside cereal 

crops [48]. 

Extending the same integrative logic to the association-mapping 

side of the pipeline, augmenting genome-wide association 

analysis with additional omics layers rather than relying on 

marker-phenotype association alone has been proposed as a way 

of recovering causal genes conventional GWAS misses because 

their marginal marker effect is too small to reach significance 

alone but becomes interpretable once expression or metabolite 

data corroborate the candidate [49]. Core-collection-based GWAS 

of agronomic traits in rice illustrates the scale of the underlying 

problem this is meant to solve: even carefully curated diversity 

panels return long lists of trait-associated regions with modest 

individual effect sizes, and distinguishing biologically 

meaningful associations from statistical noise in that list is 

precisely the task additional omics evidence is best positioned to 

assist [50]. Translational genomics perspectives on crop breeding 

frame this whole progression, from single-marker genetics 

through genome-wide association to multi-omics integration, as a 

continuous broadening of the evidentiary base used to justify a 

selection decision rather than a series of separate technologies 

competing for adoption [51], a framing consistent with how the 

multi-omics revolution in plant breeding more generally has been 

characterized: not as a replacement for genomic selection but as 

the mechanism by which its remaining blind spots are 

progressively closed [5]. 

 

 
 

Fig 2: Conceptual relationship between trait genetic complexity and the accuracy advantage of multi-omics-augmented genomic selection over 

marker-only genomic selection. 

 

Machine Learning and Artificial Intelligence in Genomic 

Prediction 

The prediction models underlying genomic selection sit on a 

spectrum from classical mixed-model approaches to machine 

learning proper, and the evidence base examined here is 

informative mainly at the classical-to-intermediate end of that 

spectrum rather than at the deep-learning end. Direct comparison 

of ridge-regression BLUP, several Bayesian variants, and 

reproducing kernel Hilbert space regression across multiple 

agronomic traits in tropical rice found no single model 

dominating across traits, with gains from model choice 

consistently smaller than gains from improving training 

population design [2]. This is a useful corrective to a common 

assumption elsewhere in the genomic prediction literature, that 

adopting a more flexible, heavily parameterized model is the most 

efficient route to higher accuracy; in the rice datasets actually 

examined, model flexibility mattered less than whether the 

training population adequately represented the genetic and 

environmental space of the target population. Reviews of 

genomic prediction methodology for rice improvement treat 

model selection similarly, as a secondary lever useful for marginal 

gains once data quality and training population design are already 

adequate, rather than as the primary determinant of predictive 

success [3]. 

Where the literature synthesized here does point toward a genuine 

role for more flexible, higher-capacity models is in multi-omics 

data fusion rather than in single-omics genomic prediction. 

Combining several omics layers to select optimal predictive 

combinations for hybrid rice required systematically comparing 

model architectures precisely because the relative 

informativeness of each omics layer for a given trait could not be 

assumed in advance, and this layer-weighting problem is 

structurally the setting in which more flexible, data-driven model 

classes are expected to outperform fixed linear combinations [32]. 

Extending genome-wide association analysis with additional 

omics evidence to recover otherwise sub-threshold candidate 

genes similarly depends on a decision rule for how much weight 

corroborating expression or metabolite evidence should receive 
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relative to the marker association itself, a rule that becomes 

progressively harder to specify by hand as the number of 

integrated layers grows [49]. Metabolomics-based diagnostic 

breeding approaches, which use panels of metabolite biomarkers 

to classify or rank genotypes for downstream traits rather than 

measuring the trait directly, depend for their practical value on 

classification models capable of generalizing from a training 

panel of profiled lines to a much larger, unprofiled breeding 

population [52], and this is precisely the kind of pattern-recognition 

task where flexible statistical classifiers, machine learning 

included, offer a plausible advantage over simple threshold rules, 

even though the specific studies available here do not report head-

to-head comparisons against deep-learning architectures. 

Framed against these findings, claims that convolutional 

networks, graph neural networks or transformer-based foundation 

models are transforming rice genomic prediction should be 

treated as reasonable extrapolation from adjacent fields rather 

than as an established result within the literature examined here. 

The more defensible statement is narrower: multi-omics data 

fusion creates exactly the kind of high-dimensional, 

heterogeneous, partially redundant data structure that flexible 

machine learning methods are designed to handle, and the gap 

between that structural opportunity and demonstrated deployment 

in operational rice breeding remains real. Interpretability 

compounds this gap. A prediction from a linear mixed model can 

be decomposed into per-marker contributions a breeder can, in 

principle, relate back to known genomic regions; a prediction 

from a more flexible model trained across several omics layers is 

harder to decompose in the same way, and breeding programmes 

have historically been reluctant to act on predictions that cannot 

be explained to the people making final selection decisions in the 

field. 

 

Applications in Climate-Resilient Rice 

Translating these mechanistic and computational considerations 

into trait-specific breeding gains is clearest for salinity tolerance, 

where the largest body of integrated evidence in this reference set 

converges. Reviews tracking progress in salt-tolerant rice 

breeding note that, despite decades of QTL mapping effort, 

farmer-preferred high-yielding varieties with robust field-level 

salt tolerance remain comparatively scarce, and attribute this 

partly to the fact that most mapped tolerance QTL were identified 

under controlled, often single-stage stress screens that do not 

reproduce the fluctuating, multi-stage salinity exposure typical of 

coastal and delta rice fields [53]. Multi-omics characterization of 

the underlying tolerance mechanisms, combined with dynamic 

phenomic screening of the kind discussed earlier, offers a way of 

narrowing that gap by capturing tolerance as a trajectory across 

developmental stages rather than a single score, and by resolving 

which of several physiologically distinct tolerance strategies, ion 

exclusion, tissue tolerance or osmotic adjustment, predominates 

in a given genetic background [37, 38]. 

Disease resistance breeding presents a structurally different 

problem, since major resistance genes typically confer large, 

near-qualitative effects that classical marker-assisted selection 

already handles reasonably well; the harder remaining challenge 

is durability and the stacking of complementary resistance 

mechanisms as pathogen populations evolve. Integrating fine 

genetic mapping with complementary omics evidence for rice 

disease resistance has been proposed specifically to identify not 

just the resistance gene itself but the broader regulatory and 

metabolic context determining whether resistance holds up 

against divergent pathogen races in the field, since resistance 

genes deployed without attention to that context have repeatedly 

been overcome within a few breeding cycles historically [54]. 

Grain quality and nutritional traits illustrate yet another pattern, 

one where metabolomics rather than genomics tends to carry the 

more direct predictive signal, because the trait being selected, 

starch structure, glycemic response, pigment content or protein 

composition, is itself a metabolic outcome rather than a structural 

or defence-related one. Multi-omics dissection of glycemic index 

and grain protein variation has identified candidate loci that only 

become interpretable alongside accompanying metabolite data, 

underscoring that grain-quality improvement is likely to benefit 

disproportionately from metabolomic integration relative to other 

trait classes [35], and the same logic extends to specialty pigmented 

rice types, where nutritionally and commercially valuable 

pigment accumulation is fundamentally a metabolic pathway trait 
[34]. Yield itself remains the hardest target precisely because it 

integrates contributions from nearly every layer discussed in this 

review, developmental timing, source-sink metabolic balance, 

stress resilience and pathogen exposure among them, consistent 

with the repeated observation that metabolome- and multi-omics-

informed models add the most value for yield and yield-heterosis 

prediction relative to marker-only genomic selection, rather than 

for traits with simpler, single-pathway genetic control [27, 28]. 

 

Challenges 

Several limitations already raised recur often enough across this 

literature to be treated as structural rather than incidental. Data 

integration remains the most frequently cited technical obstacle: 

omics platforms differ in throughput, dynamic range, missing-

data patterns and the biological scale at which they operate, from 

single nucleotide to whole metabolite pool, and reconciling these 

differences within one statistical model is nontrivial even before 

biological interpretation begins [40]. High-dimensional, partially 

redundant multi-omics datasets increase the risk of overfitting a 

prediction model to the specific training population rather than to 

a generalizable biological signal, a risk that grows rather than 

shrinks as more omics layers are added unless training population 

size scales accordingly [3]. Missing data is not a minor nuisance 

here; it is close to unavoidable, because generating every omics 

layer on every individual in a large breeding population at every 

relevant developmental stage is rarely economically feasible, and 

most published multi-omics rice studies instead profile a 

genotyped subset intensively while leaving the remainder of the 

breeding population with genomic data alone [19]. 

Population and germplasm bias compounds this problem. Multi-

omics resources have so far been built preferentially around well-

characterized reference populations, elite breeding panels, or 

germplasm of particular commercial or nutritional interest, and 

prediction models trained on these resources do not automatically 

transfer to genetically distant breeding populations or to 

smallholder-relevant landraces that were never profiled at the 

omics level [34, 35]. Computational cost scales with this same 

imbalance: assembling, storing and querying multi-omics data at 

the volume required for operational breeding decisions demands 

infrastructure dedicated knowledgebase projects have had to build 

essentially from scratch for rice specifically [43], and cross-

database integration efforts report that inconsistent identifiers and 

metadata standards across independently developed omics 

resources remain a persistent, largely unsolved obstacle to 

combining data across studies rather than within a single well-

curated project [44]. 

Model interpretability and validation form a related but distinct 

constraint. A multi-omics-informed prediction can be statistically 

superior to a marker-only prediction in cross-validation and still 

fail to gain traction in an applied breeding programme if the basis 
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for that prediction cannot be communicated to the agronomists 

and breeders making final selection decisions, and this 

interpretability gap tends to widen as more omics layers and more 

flexible statistical methods are layered into a single pipeline [42]. 

Field deployment introduces a further validation problem 

laboratory-stage multi-omics work does not fully anticipate: 

metabolite, transcript and even some phenomic measurements are 

sensitive to the precise growth conditions and developmental 

timing at sampling, so a predictive signal identified under one set 

of glasshouse or controlled-stress conditions may not reproduce 

cleanly across the variable multi-environment trial network 

operational breeding programmes actually rely on [41]. Emerging 

spatial multi-omics technology illustrates the same tension at a 

more advanced technical frontier: the capability to resolve omics 

signals within tissue architecture is scientifically compelling, but 

the throughput and cost currently associated with that resolution 

place it well outside what any but the best-resourced rice breeding 

programmes could deploy routinely [48]. None of these constraints 

is intractable, and none is close to solved either; this review’s 

assessment is that they, rather than any remaining conceptual gap 

in genome-to-phenotype biology, are the binding constraint on 

faster adoption of multi-omics-assisted genomic selection. 

 

Future Perspectives 

Extrapolating cautiously from the patterns synthesized above, 

several directions look more like natural extensions of current 

evidence than speculative leaps. Pan-genome-informed genomic 

selection is the most immediately actionable of these: since pan-

genome analyses have already demonstrated that reference-

genome-based marker panels miss a nontrivial fraction of real 

genetic variation, including variation enriched near improvement-

relevant loci [20, 21], incorporating pan-genome-derived variant 

calls directly into genomic relationship matrices is a logical next 

step for which the underlying variant catalogues already exist, 

even though prediction models built explicitly on pan-genome 

variation have not yet been widely benchmarked against standard 

single-reference approaches in the literature reviewed here. 

Continued reduction in sequencing cost, building on the near-

complete assemblies and improved sequencing chemistries 

already achieved [10, 11], will make this more tractable at breeding-

programme scale over coming breeding cycles rather than 

remaining confined to reference genome projects. 

Spatial multi-omics, demonstrated so far mainly outside cereal 

crops [48], is a plausible but genuinely uncertain direction for rice: 

the tissue-resolved biology it could illuminate, echoing the 

embryo-endosperm heterogeneity already documented with 

conventional tissue-separated multi-omics [33], is real and 

relevant, but the cost and throughput required to apply spatial 

methods across a breeding-scale population rather than a handful 

of reference genotypes has not been demonstrated as feasible, and 

this review treats that gap as unresolved rather than assuming it 

will close on any particular timeline. Systems-biology-formalized 

integration frameworks, which model genomic selection as one 

node within a broader regulatory network rather than as a self-

contained prediction task [39], point toward AI-assisted genomic 

prediction that weights each omics layer by its trait-specific 

informativeness rather than combining layers with fixed rules, 

extending the same layer-weighting logic already applied to 

multi-omics-augmented GWAS [49] into the prediction step itself. 

Whether this is best implemented through explainable machine 

learning architectures that preserve breeder-interpretable output, 

through Bayesian hierarchical extensions of existing genomic 

prediction models, or through some hybrid of the two is not 

resolved by the evidence surveyed here, and claims that fully 

autonomous, foundation-model-driven breeding pipelines or 

digital-twin representations of individual breeding lines are close 

to operational readiness in rice go beyond what the supplied 

literature supports; these remain aspirational framings worth 

naming honestly rather than treating as an imminent, evidence-

backed transition. 

 

Conclusion 

Genomic selection changed rice breeding by making prediction, 

rather than direct observation, the basis for selection decisions, 

and multi-omics data is best understood as the set of tools that 

make that prediction faithful to the real genotype-to-phenotype 

pathway rather than to an oversimplified additive-marker 

approximation of it. The evidence assembled here supports a 

fairly specific claim: single-omics genomic selection performs 

adequately for traits with tractable, moderately additive genetic 

architecture and works less well as trait complexity, 

environmental sensitivity, and physiological distance from the 

genome sequence increase, and multi-omics integration earns its 

computational and financial cost specifically in that harder 

regime, for yield, quality, and abiotic stress traits where genome 

sequence alone leaves too much unexplained variation on the 

table. What remains unresolved is less about biological 

understanding, which has advanced substantially across the 

studies reviewed, and more about the infrastructure, 

standardization, and validation pathways needed to move multi-

omics-informed prediction out of well-resourced demonstration 

studies and into the routine operation of applied rice breeding 

programmes serving the varietal needs of a changing climate. 
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